Abstract. In this paper we presente a classification system that uses a combination of texture features from stromal regions: Haralick features and Local Binary Patterns (LBP) in wavelet domain. The system has five steps for classification of the tissues. First, the stromal regions were detected and extracted using segmentation techniques based on thresholding and RGB colour space. Second, the Wavelet decomposition was applied in the extracted regions to obtain the Wavelet coefficients. Third, the Haralick and LBP features were extracted from the coefficients. Fourth, relevant features were selected using the ANOVA statistical method. The classication (fifth step) was performed with Radial Basis Function (RBF) networks. The system was tested in 105 prostate images, which were divided into three groups of 35 images: normal, hyperplastic and cancerous. The system performance was evaluated using the area under the ROC curve and resulted in 0.98 for normal versus cancer, 0.95 for hyperplasia versus cancer and 0.96 for normal versus hyperplasia. Our results suggest that texture features can be used as discriminators for stromal tissues prostate images. Furthermore, the system was effective to classify prostate images, specially the hyperplastic class which is the most difficult type in diagnosis and prognosis.
Introduction
Automatic classification of prostate stromal tissue in histology images is still a challenge due to the large variation in shape and colour of the histological components caused by prostate cancer. Computer-aided diagnosis (CAD) has been developed and can produce consistent results for the detection of diseases. Several CAD systems have been proposed for the analysis of prostate histological images [1, 2] . However, none of these methods used stromal tissue regions in their analysis, and they only considered two classes of tissue: cancerous and normal.
In contrast with these approaches, in this paper we propose a classification method of prostate images using regions of interest (ROI) of the stromal tissue. The method was based on Wavelet decomposition [3] , combinations of Haralick descriptors [4] , Local Binary Patterns (LBP) [5] , ANOVA statistical method and Radial Basis Function (RBF). The method has been evaluated considering histological images of cancer, hyperplastic and normal classes.
Materials and methods
The method was organized in five steps: (1) detection and definition of stromal regions, (2) calculation of Wavelet coefficients, (3) extraction of Haralick and LBP features, (4) aplication of ANOVA statistical method and (5) classification of images using Radial Basis Function (RBF) networks. Fig. 1 shows the flowchart of the method. 
Detection and extraction of stromal regions
Stromal regions were segmented by removing cuboidal cells and glandular lumens areas in the image. These regions were segmented using methods described by Oliveira et al. [6] and [7] , which render two binary images I ncc and I lg . The stromal regions were segmented by the equation I est (x, y) = ¬(I ncc (x, y)|I lg (x, y)), where the value of each pixel in the image I est in the coordinates x and y was computed by logic operations using the binary images I ncc and I lg .
Calculation of wavelet coefficients
A multiscale approach allows image data analysis considering different resolutions. One of the techniques used to achieve the multiresolution representation is the Wavelet Transform (WT).
In this technique the spatial domain is transformed into frequency and time domains by the formula 
In Eq. 1 W f (a, b) is the the inner product of a signal f (t) with a Wavelet function ψ scaled and translated in the time axis. Namely, a is the scale (dilation) and b is the translation (shift in time) of the Wavelet ψ a,b (t) = 1 √ a ψ(
x−b a ). The process of obtaining the wavelet coefficients was performed by Wavelet Daubechies 8 with 3 levels of decomposition. The application generated 4 sub-images of wavelet coefficients at each level.
Extraction of Haralick and LBP features
Haralick descriptors [4] are second-order statistical measures obtained by calculating the cooccurrence matrices. The matrices are constructed for each sub-image with N Wavelets coefficients. The corresponding descriptors were extracted with angles θ (0 • , 45 • , 90 • and 135 • ) and distance d = 1. The Local Binary Patterns (LBP) operator proved to be robust at extracting image textures [5] . The operator assigned a label to each pixel of an image by thresholding the 3×3 neighbourhood of each pixel with the centre pixel value and giving the result as a binary number. LBP encode the gray-scale pattern of N neighbouring pixels.
Dimensionality reduction and classification
To increase the performance of the classifier, the ANOVA statistical method was applied to reduce the vector of features [8] . Afterwards, the RBF classifier was applied. This classifier consists of a multilayer neural model that is able to learn complex pattern and solve non-linearly separable problems. The cross-validation technique was used in the training and validation steps.
Results and discussion
The AUC results for the vectors constructed with Haralick, Haralick LBP and LBP are presented in Table 1 , considering each combination of tissue class and RGB colour hues. The ROC curves of the best AUC results for the combinations of classes Normal versus Cancerous, Normal versus Hyperplastic and Hyperplastic versus Cancerous are shown in Fig. 2  (a), Fig. 2 (b) and Fig. 2 (c) , respectively.
The best results were obtained with LBP features, which gave the most relevant AUC (0.98) for the class Normal versus Cancerous. This occurred due to the abnormalities caused by cancer in areas of stromal tissue, since cancer changes the patterns of form and colour intensity. For Normal versus Hyperplastic and Hyperplastic versus Cancerous classes the best results were: 0.95 and 0.95 of AUC, respectively. These results suggest that textural features from the stromal tissue are sufficient to separate the Hyperplastic class: an important contribution to studies focused on the diagnosis of prostate cancer. Regarding the analysis of colour hues (Table 1) , the green colour hues showed better results in 8 of the 9 combinations. This occurs because of the contrast information in intensity between the different components such as nuclei and cytoplasm. This contrast is related to the properties of the dyes hematoxylin and eosin. Hematoxylin has affinity with nucleic acids in the cell nucleus and eosin stains the cytoplasm with pink colour.
